Tangibles can model abstract structures. One educational subject where this can be utilized is instruction on data visualization interpretation. Data physicalizations, tangible representations of data, offer graspable handles for the users to manipulate data visualizations directly so that they can better understand what information they hold. However, investigations on the applicability of interactive data physicalizations in educational settings are still sparse. In this paper, we explore how students reason with an interactive tangible scatterplot through a collaborative data interpretation tool, CoDa. We report the design, development, and the user experiences in an exploratory study where 11 students, in groups of 2 to 4, completed a data analysis task with CoDa. The qualitative results show insights in the process of data interpretation, how interaction with the tangibles influenced these data interpretations, how the system aided collaboration and, overall user experience. We believe the results and implications offer a step towards nurturing future educational applications on interactive data physicalizations.
INTRODUCTION
Tangibles have been used in educational settings as they have the potential to support the learning of abstract concepts [31, 64] . One area of education where tangibles can be utilized to make abstract concepts more accessible is data visualization comprehension. Questions about teaching data visualization have become a frequent topic within the visualization community [8, 21, 59] and education policy [62] . However, learning to explore and make sense of data visualizations is a challenging task [5] . Appropriate tools could support students with visualizing, analyzing, and interpreting complex visualizations of data.
So far, methods of interacting with data visualizations have mostly revolved around the use of pen and paper or Graphical User Interfaces (GUIs). These tools support developing an understanding by perceptually examining the Papers Session 4: Input/Output TEI '20, February 9-12, 2020, Sydney, NSW, Australia representations. In contrast, tangible representations of data, Data Physicalizations [19] , can be used to create Tangible User Interfaces (TUIs) [18] . These allow users to manipulate data visualizations more directly. We argue that these tangible representations of data can facilitate a better vehicle for users to grasp the information held in data visualizations than perceptive methods, because they enable a more engaging, embodied way of data exploration. Investigations on the applicability of data physicalizations in educational settings are still sparse [48] . Some studies have investigated how data sculptures can play a role in university courses [57] . Other studies have used tokens to construct visualizations within a workshop context [14] or investigated how people map data values to physical representations [17] . However, these forms of data physicalizations are static and thus lack the educational benefits that interactivity and feedback can provide.
To expand on previous research on the design of data physicalizations for learning, this paper presents an exploratory study through qualitative evaluation of four teams of students interpreting scatterplots augmented by data physicalization using a portable Collaborative Data analysis system, namely CoDa (Figure 1) . This system realizes a tokenbased interactive tangible scatterplot using an interactive liquid-crystal display (LCD) based on a magnetic tracking system [26] . Through manipulation of the physical tokens on the platform, the users can interact with the visualized data directly; moreover, they can use the control panel on the sidebar to change the modes of visual augmentation for descriptive statistical analysis and comparison across multiple graphs.
This exploratory study was conducted to answer the research question; "How do interactive data physicalizations support the collaborative interpretation of interactive data visualizations?" In the study, 11 students in groups of 2 to 4, completed a data analysis task with personalized data. The qualitative results, which were analyzed from the dialogues between the students and their interactions with the system, show that the participants can jointly develop an understanding of the data through iterative interpretation processes with CoDa. We report on the students' process of data interpretation, how the interactions with the system aided their interpretations and shaped their collaborative behaviors, and the students' experiences of working with CoDa. And lastly, based on the lessons learned from the design, implementation, and evaluation of CoDa, we present implications for further educational applications of interactive data physicalizations.
RELATED WORK Graph comprehension
Studies in the field of graph comprehension focus on how perceptual and cognitive processes influence the understanding of graphs in an educational context. Graph comprehension is an iterative process. When one switches between the data, the representations, and the underlying mathematical model of visualization, they "..go through a process of invention, noticing, and revision that helps them develop insight into the relation between representations and the quantities they represent [46, p. 138] . " Shah and Hoeffner [47] have identified three underlying critical points of a learner's understanding of graphs: understanding the meaning of specific visual representations, understanding of the graph structure, and understanding of the context of the data.
Interactive models can increase the reasoning strategies that learners use [58] , furthermore interactivity can support learning through the construction of mental models and hypothesis testing [40] . The users of interactive visualizations can develop inferences, test those inferences, and revise their expectations to evaluate concepts. Control over a visualization allows the user to decide what to evaluate next, in line with their interests and preferences.
Interactive data visualizations might help students with the interpretation of data. However, Laina and Wilkerson [61] showed that not all middle-school students were able to link overlapping information that the students gathered from interactive data visualizations. There has been an increasing effort on the development of educational tools that support reasoning through interactive graphs [3, 30, 37, 43] . For example, Alper et al. [3] developed an app that aimed to boost elementary school students' visualization literacy through a concreteness fading approach. Méndez et al. [30] investigated whether top-down, as seen in iVolVer [32] , or bottom-up construction approaches aided creativity and learning with InfoVis tools. However, these works investigate digital tools instead of physical manipulatives, which can provide more sensory engagement, accessibility, and group collaboration experiences for learning abstract concepts [64] .
TUIs for learning
Previous work proposed enhancing interactive visualizations with physical manipulatives to create Tangible User Interfaces (TUIs) [18] , as they can enrich experiences. While only a few studies provide empirical evidence of the benefits of TUIs on learning outcomes [28] , TUIs could be beneficial for learners in other ways, such as enabling users to find patterns faster in interactive data visualizations compared to multi-touch displays [1] , providing higher accessibility for young children, benefits for individuals with learning disabilities and novices [64] , and support of collaborative Papers Session 4: Input/Output TEI '20, February 9-12, 2020, Sydney, NSW, Australia tasks [20, 45] . It is also suggested that physical interfaces can be suitable for engaging children in playful learning [39] and boost positive user experiences [27] .
Marshall et al. present a way of conceptualizing TUIs for learning [29] . They make a distinction between Expressive and Exploratory TUIs. Expressive TUIs are TUIs that embody aspects of the user's actions with the system. These kinds of interfaces let the learner understand a topic by allowing them to create an external representation [15] . For example, this can be done by constructive visualizations [17] where an individual maps a data unit to tangible building blocks to create data visualizations.
In comparison, Exploratory TUIs do not embody the user's activity, but they do enable learners to learn through reflection on an underlying model within the system and their history of interaction with it. An example of an exploratory TUI is Tern [13] , a tangible programming system, that enables users to explore the embedded programming language through interaction with tangible blocks. These TUIs are closely related to the classification of Montessori-inspired Manipulatives [64] . These manipulatives enable their users to create conceptual and abstract structures through an internal model. Due to their educational origins [31] , these more constrained manipulatives might support hypothesis testing [64] and could be suitable for instruction on the abstract concepts within data visualizations. We position our work as an instance of Exploratory TUIs because the tangibles in this work are vehicles for facilitating the exploration of data within an underlying mathematical model. We further position our work as a Montessori-inspired Manipulative because we aim to enable users to model and explore abstract concepts.
Data Physicalization
Data physicalization leverages tangibles to convey data [19] . Nonetheless, the work on data physicalizations in an educational context is still limited [48] . Examples of activities within this context are data physicalization workshops [2, 12, 16] , constructive visualizations [17] , the creation of data sculptures [57] , and the creation of data physicalizations for self-reflection [51] . However, the data physicalizations used in these instances are not digital and lack interactivity and feedback.
Other HCI researchers investigate "how computer-supported physical representations of data can support cognition, communication, learning, problem solving, and decision making [19] . " These interactive data physicalizations can provide immediate feedback to exploratory actions. Various previous works such as the SenseTable [35] , MetaDesk [52] , and Urp [56] used physical tokens as a tangible representation of information with an interactive surface to visually augment it. This kind of tabletop tangible system has been previously considered as a vehicle for the collaborative exploration of data visualizations [20] . However, such systems are mainly expressive TUIs that use the tokens to represent information, but do not address much on the process of physicalizing a dataset. SLAP widgets [60] introduced transparent tangibles that allow the user to bind digital information to them, but the token's form factors are too large for exploring data visualizations. GaussStones [26] , the tracking system of a set of shielded, coin-sized, magnetic tangibles that are semitransparent can be a more promising technology for such an implementation.
Researchers have also deployed shape-changing technologies to adapt to the change of data during exploration, such as EMERGE and inFORM [10, 50] . They both adopt graphical augmented pin-based shape displays. These displays can provide up to four dimensions of data visualization, such as a 3D bar chart that also serves as a rich-haptic display which allows for direct manipulation. However, its limited spatial resolution and the constrained pin movements restrict its applicability to represent other graphs, such as scatter plots. Zooids [24] are a swarm of robots that can simulate tangible scatterplots for direct manipulation in a reasonable spatial resolution. While these shape-changing displays are powerful, such a system might be too complicated to be deployed in an educational context. Therefore, before such an investment is made, the design issues should be thoroughly investigated.
DESIGN CONSIDERATIONS
We introduce our two primary design considerations that are concluded from our observations during requirement gathering activities from both a teacher and a student perspective.
C1. Supporting Collaborative Work. In the first requirement gathering activity we interviewed 7 secondary-school teachers and 1 teacher trainer through semi-structured interviews. We aimed to understand the requirements for supporting data visualization learning and interpretation in an educational context. The most common theme that emerged from these interviews was the importance of collaborative work, as this can support peer-learning. We, therefore, chose a tangible tabletop system as a vehicle for our data visualization tool. The working area of the system should be large enough for multi-user interactions, the interaction styles should be direct and intuitive, the system should be able to handle concurrent inputs and provide immediate, simple, and easyto-comprehend visual feedback to facilitate group discussion, and it should allow users to analyze familiar concepts.
C2. Supporting Constructive Exploration. We conducted another requirement gathering activity with 9 secondary school students, ages 14 to 18. We aimed to gain an understanding of how constructive visualizations [17] can assist Papers Session 4: Input/Output TEI '20, February 9-12, 2020, Sydney, NSW, Australia students in interpreting data. The students were asked to visualize a dataset that revolved around Tarantino movies and that was adapted from [42] using a toolkit that consisted out of tokens, colored pens, rope, colored tape, tiny colored clips, a pair of scissors, and plain A3 paper (Figure 2a ). The students were asked to think out loud during the visualization task. The task was concluded with a semi-structured interview that focused on the process of mapping data to physical objects, the students' reasoning behind doing so, and how they interpreted the data. The results of the observations and semi-structured post-interviews showed that, although none of the students showed difficulty in creating visualizations with the provided tools ( Figure 2b and 2c), they also did not question the data but rather only presented and memorized their self-set rules of data-object mapping within their selected scope. In other words, they did not further interpret the data through the physical construction. We are therefore motivated to realize an interactive system that supports digital exploration [29] of an underlying mathematical model through physical manipulatives. Herein the data-object mapping is already present, which might lower the cognitive load [33] of memorizing self-set rules and that allows students to interpret the relationship between the physical data points and the mathematical model. The system should support the users in gaining understanding of the data through different phases of physical manipulation, provide readily-available data analytics for higher-level comprehension, and offer the freedom to access information that is beyond the current attention window.
FINAL DESIGN AND IMPLEMENTATION System Overview
Based on these design considerations, we present the design and implementation of a minimalist system, CoDa. The system provides a portable, token-based interactive scatterplot that allows its users to collaboratively explore the provided data representation with physical tokens. The system supports basic, yet representative functions, such as descriptive statistics on two-class datasets. This can be extended to multi-class compatibility with further engineering efforts. Scatterplots were chosen in our implementation as they are a common visualization for displaying values from a dataset with two variables using two-dimensional Cartesian coordinates. They allow users to observe correlations, clusters, and outliers in the dataset. Additionally, CoDa can be extended to support other types of two-dimensional visualizations, e.g., line graphs, tree graphs, and network graphs. Figure 3 shows an overview of CoDa, which consists of three parts: 1) tokens: the color-coded magnet-embedded graspable bits that represent data points in different categories; 2) interactive surface: the working area that provides high-resolution data visualization and spatial token tracking; 3) sidebar: the physical control panel that consists of 10 LEDembedded hardware buttons offering various filtering and analytical functions. We introduce these parts and discuss how their designs address our considerations.
Tokens. The physical representations of data points are round in shape. Tens of each of two types of tokens, orange and blue, are provided to represent two categories of data. Each token consists of a cylindrical neodymium magnet facing the north (orange) or south (blue) pole downward according to its color. The magnet is affixed at the center bottom of the token using a laser-cut transparent acrylic case with an in-lay colored ring, as shown in Figure 4a . The transparent window allows visual feedback from the display to be perceivable, and the colored ring allows the token's data type the be readable even when it is removed from the display surface. An additional galvanized steel shield is Papers Session 4: Input/Output TEI '20, February 9-12, 2020, Sydney, NSW, Australia applied around the magnet to minimize interference during sensing and interaction [26] . Interactive Surface. The interactive surface allows the users to interact with the visualization through manipulating the tokens that are placed on it. An analog Hall-sensor grid [25] is attached to the back of the display for precisely tracking and identifying the magnetic tokens. The tracking area is aligned with a high-resolution visual display, enabling the surface to accurately provide visual feedback around, below, and inside each token ( Figure 4 ) so that visual clutter can be reduced effectively [7] . When multiple data points are in close proximity they are represented as a cluster where a twice-larger footprint is located at its centroid. Then, the users are required to place a stack of two tokens to represent the cluster ( Figure 5 ). The visual display also visualizes the scatterplot in a Cartesian grid, with an x-axis, y-axis, and a legend. Axis labels and the data values are loaded from comma-separated value (CSV) files by the software. The dataset consists of data points in one or two data categories and one or two numerical variables. The legend shows the correspondence between the colors and the labels of data categories. When the physical tokens are correctly aligned to the on-screen visualization, the combined representation is coherent and easy to comprehend (C1). The surface has a 19-inch working area, which is large enough for 2 to 4 users to surround it when it is deployed on a desk (C1). The surface tracks multiple tokens at the same time so that it can handle concurrent inputs (C1).
Sidebar. The control panel has three groups of buttons, each button can be (de)activated individually. The first group consists of two buttons that allow the users to enable or disable the visualization of a data category. The next group consists of four buttons: minimum, maximum, mean, and linear regression, these facilitate basic descriptive statistics that support users for higher-level comprehension (C2). The last group consists of four buttons that allow the users to switch between several graphs that are loaded for comparison, which can be useful if these graphs share the same axes. This offers freedom to access information that is beyond the current attention window (C2).
Interacting with CoDa
We describe an example scenario to illustrate how an understanding of a dataset through interacting with CoDa might be iteratively gained. Phase 1: Physicalizing a Dataset. After a dataset is loaded, the user adds tokens to make the data points physical. The interactive surface shows the location of the data points as gray footprints. The user uses the first category of the sidebar to select a category to activate its footprints, and then places the tokens of that category to bind them to the footprints. Visual feedback is provided to a successful binding when the corresponding color fills in the tokens with the data label displayed nearby (Figure 6a and 6b ). After all the data points in this category are physicalized, the user activates another category and finishes the rest of the bindings (Figure 6c ). In this phase, the user gains initial understanding of this dataset and sets the stage for further interactions. (Figure 7c ). The statistical information is calculated based on the tokens that are correctly placed only. Therefore, removing a token from its data point's footprint will trigger the recalculation. For instance, after the user removes an Papers Session 4: Input/Output TEI '20, February 9-12, 2020, Sydney, NSW, Australia outlier from a category, they can immediately observe how the outlier impacts the linear regression ( Figure 7d ). As the footprints stay, the user can easily remove any amount of tokens from the surface, bring them back to the surface with the aids introduced in phase 1, and see the consequences from the instant visual feedback which may trigger further discussion. In this phase, the user gains more understanding of the aggregated features of this dataset based on the tangible interactions offered by CoDa. Phase 3: Comparing the Datasets. After the user gets familiarized with the results of the dataset, they can use the buttons in the third category of the sidebar to load other graphs for comparison ( Figure 8a and 8b) . These graphs can have the same two axis labels, but different data categories or the same data categories with one of the two axis labels that are different from the current ones. After a new dataset is selected for comparison, users can observe the differences between the physical tokens and the digital footprints of the new dataset. The user can make hypotheses based on the observation, and then physicalize the new dataset with the aids introduced in phase 1 (Figure 8c ). When the user moves the token to the footprint of the new dataset (Figure 9a ), a marker is left behind where the token was bound (Figure 9b ). When the tokens are bound to the new footprint, the user tests their hypothesis with the aids introduced in phase 2, and so forth. In this phase, the user gains more understanding through the comparison between different datasets by leveraging the flexibility of the digital data visualization. To end an exploration, the users can rapidly dephysicalize a data category by stacking the magnetic tokens and removing them from the surface. A rapid clean up helps to start the next iteration.
System Implementation
The interactive surface is made of a 19 inch 4:3 IPS LCD screen, which has a resolution of 1280×1024 and a wide 178 • viewing angle when it is deployed on a desk. A grid of 32×32 Winson WSH136 analog Hall sensors, which provides a 31.5 (width) ×31.5 (length) cm 2 sensing area and a refresh rate of more than 30fps, is attached to the back of the LCD panel for tracking multiple magnetic tokens using the same algorithm proposed in the previous work [26] . It can reliably distinguish a stack of two tokens from a single token. The 28.5 mm (diameter) × 10 mm (thick) cylindrical tokens consists of a 10 mm (diameter) × 4 mm (thick) N35 cylindrical neodymium magnet and a 19.5 mm (outer diameter) × 18.2 mm (inner diameter) × 6 mm (thick) galvanized steel ring, which are both aligned and affixed to the bottom of the acrylic case. The sidebar consists of 10 LED-embedded push switches connected to an Arduino development board. Both the interactive surface and the sidebar are enclosed together in a reinforced plywood casing and are connected to a PC through USB connections. The signal processing and visualization software running on the PC are implemented using Processing with the GaussSense library 1 .
USER STUDY: METHOD
A user study was conducted to address the research question: "How do interactive data physicalizations support the collaborative interpretation of interactive data visualizations?" Participants. We recruited 11 students (7 female, 4 male) from 3 separate classrooms at two secondary schools in the Netherlands. The average age of participants was 15.4 years old. The 11 participants worked in 4 teams that were formed by themselves; the team members were therefore familiar with each other. We collected their demographical information (Table 1) in pre-task questionnaires. To alleviate the interpretation problems that the representational dilemma [41] could cause, we recruited students who had at least 3 years of foundational math background and were familiar with Procedure. We decided to link the analysis task to the project that the students were currently working on, therefore ensuring that the students would have enough contextual knowledge to interpret the data within the scatterplot. The datasets that the students would analyze were co-constructed with the students three weeks before the study took place. The data was collected in March 2019 from data.world and data.europa.eu, resulting in three different datasets:
• Cafeteria Food. A dataset comparing the snack purchase behavior of 12 middle-school and 12 high-school students in cafeterias with their self-reported social pressure, the percentage of snack food, and the percentage of branded food that is available in their cafeteria (Team 1). • Arthritis. A dataset comparing hand and knee arthritis Disease Activity Scores of 24 individuals with their physical activity scores, amount of feedback moments, and self-reported social activity (Team 2). • Playground. A dataset comparing the energy production of 24 playground objects that utilize either a lever mechanism or a rotation mechanism with the average amount of minutes people spent on them, the selfreported joy people experience, and intensity of the physical activity that is needed to use them (Team 3 and 4).
During the study, the CoDa system was presented to the students. The participants were informed about its capabilities via an instructional video. We asked the students to interact with the system to find information for their project. They were free to use the system as they saw fit. The students had a maximum of 40 minutes to complete their analysis. Participants were instructed to verbalize and discuss thoughts within their teams as they performed the analysis task. When they completed their analysis, a 20-minute semi-structured interview was conducted with the team. Data Collection. The data we collected from the study included video and audio material that was captured during the task, pre-task questionnaires, and semi-structured interview transcripts. Pre-task questionnaires were used to collect the demographics of the participants, their educational background, and prior knowledge about the task. Sessions were video recorded from a top-down perspective to log the interactions with the systems and from a side perspective to gather insights on team dynamics. A semi-structured interview followed to collect more data about how the students experienced the task, especially what they perceived as difficulties and how the data physicalizations influenced their analysis process. The interviews were conducted in the presence of CoDa, so students were able to point at different parts of the system directly.
Qualitative Data Analysis. We played back the two recordings of each session synchronously in the ELAN software 2 to annotate the videos. We transcribed the conversations between the students, and we annotated their interactions with CoDa. The post-interviews were transcribed verbatim. We applied inductive thematic analysis [6] to identify collaborative processes and data interpretations through interactions with the CoDa system. Furthermore, we used inductive thematic analysis [6] to analyze the interview transcripts. These were used to complement the analysis of the video and audio recordings and gain insights into the students' experience.
USER STUDY: FINDINGS
This section provides insights into the data analysis process of the participants with the CoDa system and reports on their collaborative behavior and general experience.
The Students' Data Analysis Process
The average session length was 30 minutes (see Table 2 ). During the sessions, the participants of the four teams did not report any problems with using the interface. From the inductive thematic analysis [6] of the video recordings we classified the students' process of data analysis in three categories: (i) Co-constructing a collaborative understanding, (ii) exploring the data through interactive construction, and (iii) focused analysis.
Co-constructing a Collaborative Understanding. Interaction with the system supported the students' understanding of the meaning of the data representations. The students shared their knowledge of different representations to come to a collective understanding. For example, this conversation in which one student explained the meaning of the linear regression line to another student: "How can we see this?" (P2). "Look, if this goes up it means that there is more social pressure" (P1). P1 points to the top of the linear regression line. "If it goes down, it is the other way around" (P1).
Exploring the Data through Interactive Construction. Construction of a collective understanding of the visualization and exploration of the data initially went in parallel: students placed tokens on the footprints and got familiar with the data representations, the graph structure, and the working of the system. At the same time, they explored which insights they can gather from these representations. Students started with making statements about what they 'see' in the visualization: "So here we can see how much fun they have. [...] They have more fun with rotation." (P8).
We identified loops in which students gathered interpretation(s) from a representation. During the exploratory loops (Table 2) , interpretations were focused on one graph, they often stayed at a global level, and did not get triggered by questions.
Focused Analysis. Focused analysis is characterized by a focus on special interests and a more in-depth analysis by asking questions about the data. T1, T2, and T4 went into focus loops after several exploratory loops, whereas T3 did not ( Table 2) . From the semi-structured interviews, we understood that the data was not of T3's interest. Therefore, their interpretation remained exploratory.
We observed two cases that made students move to focused analysis: 1) When they had a specific interest: "We are going to develop something for hand arthritis, so we can best focus on physical and social activity" (P5). "Yes, I think that physical activity is of particular interest to us. Can we look at how that is related to the feedback moments?" (P6). Or 2) students moved to a more focused analysis when a mismatch between information from the visualization and the students' understanding of the data was encountered: "People spend the same amount of time on it. But they find this one more fun than that one. That is weird. What about the energy they need to spend, does that differ between those two?" (P10).
Data Interpretation
The students' analysis process changed from exploratory, to focused, and to even more focused. We wanted to understand the reasoning that the students used and how their interactions with CoDa supported this. We identified two resources that the students levied to come to their interpretations: the data representations and their contextual knowledge. Students were almost three times as likely to use an interpretation approach that is informed by the data in the system compared to an interpretation approach that is informed by contextual knowledge (Table 3 ). We identified the representation-driven and knowledgedriven interpretation strategies as follows:
Representation-driven
• Key Item: Identifying a key representation, word, or concept. 
Knowledge-driven
• Definition: Defining different aspects of a data point.
• Explanation: Explaining an observation based on contextual knowledge. • Gap in Data: Identifying a lack of data on a topic. • Evaluate Data: Evaluating the validity of the data.
• Solution: Drawing a conclusion based on the data. Table 3 presents results by team and resource. For example, team 2 leveraged more of their contextual knowledge to explain observations they made in the data. However, they never compared features or attributes that are shared by data points. Team 4 identified key items 18 times during their analysis process, but they only compared categories 4 times. This difference in interpretation methods used was influenced by the students' interests. Teams with a clear goal for analysis would move on to the focused analysis phase earlier, formulating different interpretations as a result.
Interpretation strategies are leveraged by the affordances of the CoDa system. In our analysis, we focused on which features of the system formed the students' representationdriven interpretations. We found that certain interpretations were mainly influenced by the perceptual features of the system, and others came forth primarily by interaction with the system.
Perceptually supported interpretations.
Category Comparison. Interpretations of how the data categories compared were aided by the different colors of the visual feedback of the descriptive statistics. The students would often use different representations to come to the same interpretation of the data. For instance, P2 noticed that middle-school students perceive less social pressure from the minimum and maximum representation: "The orange box is lower [...], so there is less pressure". P1 comes to the same interpretation afterwards when observing the linear regression line: "Here we can see that social pressure is less in the lower classes".
Causality. Causal interpretations were exclusively guided by the representation of the linear regression line.
Physicalization supported interpretations.
Key Item. Because the display revealed new information when students placed a token on it, e.g., labels, colors, and potential shifts in the graphical descriptive statistics, students got a more in-depth understanding of what a data point represents and how it related to the rest of the dataset. For example, "So they have the most fun with the swing-net" (P10). Students pointed to a representation, placed their finger on top of a token, or quickly lifted the token when talking about the data that it represents to indicate to their team members which data point they were talking about.
Data Point Comparison. Students compared how the features of the data points change by moving the respective tokens between two graphs that shared one axis. For example, a student noticed "because they are both on the same y-axis [coordinate], they both have the same amount of brand food in the cafeteria, but still, this high-school[er] eats more snacks than this high-school person" (P2). This made another student question what influenced this difference in the x-coordinate. "This one eats the unhealthiest, what is influencing them the most?" (P3). The students (P2 and P3) placed their hands on the tokens that represent the data points of interest as P4 switched the graph. They used the visual markers that are left behind when switching graphs to relate the change in value as well. The students holding the tokens (P2 and P3) slid the tokens vertically across the display to compare how the features of the data point change between graphs. "At least there are a lot of snacks" (P1). P4 switched the graph again. P2 and P3 moved the tokens. "He doesn't seem to be bothered by social pressure, so it is just because there are so many snacks in the cafeteria" (P2). We observed students comparing two to three data points at the time to answer specific questions. The tokens that were not used were moved aside or removed from the interactive surface completely.
Graph Comparison. Similar to data point comparison, students placed tokens on the footprints of an initial graph, switched graph, and bound the tokens to the new footprints. The visual markers that indicate where the tokens were in the previous graph were used for comparison. Graph comparison was the least occurring interpretation. This dialogue highlights the difficulties the students had with deriving how to use the system to compare graphs: "What do we want to know as well for our project?" (P1). "Maybe how the amount of brand food in the cafeteria influences social pressure?" (P2). "That was y-axis 1 and y-axis 3, right?" (P4). P4 turned on graph 1. "How do we do this?" (P1). "Can we move them?" (P2). P2 and P3 placed tokens on footprints. "And now?" (P1). "We turn on graph 3?" (P2). P4 turned on graph 3. "And now we can compare. Uhm. We can move them?" (P3). P3 moved several tokens. P2 pointed at the visual markers. "We have those dots" (P2). "Well, hmm. They all stay kind of in the same [area]" (P1). "This is a lot of work" (P3).
Subset Comparison. Students filtered data by removing tokens belonging to data points that did not meet their analysis criteria. This interaction changed the students' overview of the data and representations of descriptive statistics, supporting new ways of generalizing the data. We observed that students analyze subsets of data when they have specific questions about the data, as illustrated by the following interaction: "How about the strength of arthritis and their age?" (P5). "Yes, I would say it is stronger when they are older" (P6). "This person is 60 and doesn't have that much arthritis" (P7). "We can remove all people under 60 and see" (P6). P5 and P6 removed tokens. "Most of them are on the right side now" (P5).
Collaborative Behavior
Through analysis of the video recordings we found that the way the students' bodies were positioned in relation to CoDa influenced their collaborative behavior. Most students sat down around the table that CoDa was placed on to interact with the system (Figure 10 ). Their bodily positions would give them different perspectives on the data. When two students used the system, both students would have their bodies in line with the system, making their point of view similar. When students worked in a team of three or four students, the students would position themselves around the display in a U-shape. We further identified four behavioral patterns: (i) guiding analysis, (ii) monitoring the placement of tokens, (iii) distributing tokens, and (iv) placing tokens.
The guiding behavior would be exhibited by the student who was seated closest to the sidebar, they would press the buttons. Consequently, this student would be in control of how the data would be analyzed as they would choose which data category, which descriptive statistics, and which graph would be displayed. Monitoring behavior would be displayed by this student when the team size exceeded two. The student closest to the sidebar would sit too far from the screen and would not receive tokens to place on the screen. However, they would monitor the placement process by making sure the tokens were correctly bound to the footprints. The student who sat closest to the box with tokens would be the distributor of tokens. They would hand out tokens to team members. The students that are directly in front of the screen would place the tokens on the screen. They would, therefore, have control over which data points would be included in the analysis.
General User Experiences
The students were aware of their process and described it similarly to our observations. P2 mentioned: "The first three steps were the easiest, we compared the different y-axes with the x-axis. But then we started to look more in-depth at fewer people, by, for example, removing a couple or just focusing on two [tokens]. Then we noticed that we could do a lot more." P1, P2, P3, P4, P5, P6, P7, P10 also mentioned that the tangibles allowed them to go more in-depth in their analysis. Either by analysing a topic of interest:"We removed them [the tangibles] to [only] see seesaws" (P10). Or by evaluating data: "It is useful for outliers or data that is not correct. You can easily extract them without just ignoring the data" (P5). This feeling of control got echoed by other students. As P3 mentioned: "Because you can grasp and place it [the tokens], you do really have more influence on it." Almost all students, P1, P2, P3, P4, P5, P7, P8, P9, P11, indicated that they felt more active during their analysis with CoDa than when they would analyze data visualizations in class. They mentioned that they had to think of their own questions which they had to show and evaluate with the platform.
All the students indicated that their collaboration went well. Additionally, they highlighted the benefits of doing the analysis together. They mentioned getting more insights or perspectives through discussion, learning from each other's knowledge, or having team members monitor the process. They moreover noticed that working together on one system supported their communication. "This helps to communicate about it. You can point it out way more easily" (P1). "Everybody is now looking at the same thing and you know what the other person has seen as well" (P3).
However, there were also some negative experiences from the students. Some students described their difficulties when comparing graphs: "It was a lot of work to compare graphs, you have to put all the magnets on there, and then, you can use those dots but not the linear regression line" (P3). Another student mentioned the conflict of continuously changing attention between representations and actions during the analysis tasks. "You had to put a thing on it all the time to know what it was. That was a bit of a switch of focus" (P10). Figure 11 shows a conceptual model, which is adapted from both the Pirolli and Card's sense-making model [38] and Ullmer and Ishii's MCRit model [53] , that summarizes our findings on "how CoDa supports the collaborative interpretation of interactive data visualizations." The users collaboratively form their understandings into schema, build hypotheses, and evaluate their hypothesis in the exploratory or focused loops by interacting with the interactive data physicalization. Data models are embodied in physical representations (Rep-p), which provide graspable controls for user manipulation, and digital representations (Rep-d) that are closely coupled with the physical ones. Through the continuous interaction loops, the users are able to move from explorations to focused analysis on their topics of interest.
Summary
The rich digital representation provides visual evidence for the users to co-evaluate their hypotheses and co-construct their schema on graph comprehension [47] and their understanding of how the system works. 
DISCUSSION
This section discusses design implications, limitations, and future research directions.
Supporting Sense-making. Concurring with previous research on youth reasoning with interactive visualizations [61] , we also observed that students had difficulties with sensemaking when they tried to connect interpretations from different information resources. To better support sensemaking, future work can consider incorporating advanced tools that allow for constant exploring, assessing, and reframing knowledge structures [22] such as zooming, filtering, clustering, or sampling functionalities [36] . The advanced system should also assist users in adapting the current dataset to an alternative representation, such as a bubble chart, bar chart, or line graph. Time-wise, it should ease the recreation of the previously stored interpretations [44] such as showing a replay of the interaction history. Content-wise, it should support annotations during the data creation [11] . Furthermore, building a shared platform that provides an overview of the information mentioned above could aid higher-level discussions and support consensus-building in collaborative tasks [55] .
Supporting Data Interpretation with Physical Constraints.
Introducing physical constraints does not only help the users to manipulate the data but supports them in data interpretation as well. In Montessori materials these constraints can provide the ability to physically scaffold learning [4, 23] . Physical constraints can be provided within CoDa to guide interactions and support the learning of abstract concepts. These constraints can be augmented, contextual information that support human memory [54] . Static constraints, such as used in the PICO system [34] , can be provided to support group operations for exploring the data representation on a macro scale. Dynamic constraints have the ability to change to the needs of the user and aid learning by reflection on the interactive behavior of the system. These dynamic constraints can be provided through shape-changing display technology [10] , which can guide placement or movement in specific directions, or provide haptic feedback during manipulation.
Facilitating Collaboration. We observed that students had difficulties in this multi-user coordination in our study. For example, when cross-referencing two datasets, one student may change the graph while the other is manipulating the physical tokens. The coordination in these situations could be better supported by giving situated, real-time audio-visual feedback [9] . Moreover, the current platform may be too small to accommodate more than two participants. Not every student could be involved in the physical manipulation because of the visual orientation of the data visualization and their bodily position related to the system. Therefore, the form factor of the current platform could be redesigned, for instance, in a round shape with buttons all-around the screen. The screen should also be able to assist the users in making annotations from various viewing angles.
In large classrooms where several teams are working on the same project simultaneously, a shared, collaborative workspace can provide peer sharing and support synchronization with each other. Alongside this, teachers or observers could gather insights from each group and show them on a shared public display to give an overview of the different perspectives to spark discussion.
Applying CoDa in a Practical Context. We envision CoDa to be embedded in the current mathematics and statistics curriculum or broader educational applications. Teachers can use our platform to guide students on how to analyze and interpret data collaboratively. Meanwhile, they should instruct the students to avoid potential misuses or cognitive biases in their interpretations to ensure their knowledge and attitudes will develop correctly. The teacher can encourage students to physicalize data that is collected by themselves, so the real-world experiences can help them develop their graph comprehension through more knowledge driven interpretations.
CoDa can potentially be applied to a broader range of target user groups, like teaching young children computational concepts or stimulating professionals in sense-making workshops. The user interface and the interaction techniques may need to be fine-tuned to better accommodate to this content. This warrants further investigation. Future application designers and developers can use our work as a basis for this future expedition. TUI, Visual Augmentation, and Data Physicalization. CoDa is built on a generic platform for tracking and identifying tangible objects [26] . Its sidebar can be replaced by on-screen tokens so that it is more flexible for adding more commands, modes, or datasets into the applications. The number of token IDs, and therefore data categories, can be expanded by adding an RFID reader to the sidebar and adding an RFID tag to each token with the trade-off being that the tokens need to be identified before they are placed on the display.
The visual augmentation shown on the interactive surface can be a vehicle that carries advanced knowledge representations such as data classifiers or statistical distributions. These can provide useful insights for the users, however the occlusions introduced by the 3D tokens degrade the visual experience, especially when the tokens are densely placed. Mirroring the interactive surface to a second display can provide an occlusion-free overview on-demand.
The tangibles can be made into specific expressions to provide memory aids, haptic sensation, and more-dimensional representation, such as a 4D printed object [63] .
Limitations. In this paper we reported preliminary findings on graph interpretations, collaboration, and user experiences with the CoDa system. Future research could conduct more rigorous and controlled evaluations of the user's learning outcomes, how sense-making processes can be supported during collaborative graph interpretation, or investigate how CoDa can be integrated into the current curriculum. Moreover, the results of our study might be influenced by the short session length and the novelty of the implemented system, the participants might not be thoroughly familiar with all interactions that the system provided, or certain behaviors might fade over time. A longitudinal study might help understand the influences of these novelty effects on the students' behavior. Furthermore, although the test subjects are of various ages, it is insufficient to argue the generalizability of our results due to the low sample size.
The expressiveness of the current tangible scatterplot can be extended with fusion object tracking technologies that better track 3D operations and/or smaller tokens, such as incorporating a top-down camera for tracking so that the tangible scatterplot can afford more input styles. CoDa can further support multi-class data sets by using tokens with varying magnetic intensities. Still, it disables the cluster operations because the current system cannot reliably recognize the stacking operations for more than two IDs. Shape-changing tokens that are resizeble or interlinkable [49] can further enable dynamic physical expressions that can increase the user's awareness and provide tactile feedback, though the active tokens require extra maintenance. Lastly, the software should be extended to accommodate more types of data.
CONCLUSION
This paper presented an investigation of collaborative data interpretation in an education context through a proof-ofconcept system, CoDa. We used CoDa to understand how secondary school students collaboratively interpret data visualizations through an interactive tangible scatterplot. Through a series of qualitative analyses, we report on the collaborative behavior of students during the analysis process, a summary of the process of interactive data visualization interpretation with interactive data physicalizations, the interpretation approaches used by the students, how the data physicalizations can support these interpretations, and the students' experience of working with the CoDa system. We sincerely hope that these findings can contribute to the future development of didactic data physicalizations.
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